tions theory indicates that motivations for information access affect user satisfaction. The user involvement theory implies that users prefer content recommended by a process in which they have explicit involvement. In this research, a research model was proposed to integrate these theories and two experiments were conducted to examine the theoretical relationships. Our findings indicate that information overload and uses and gratifications are two major theories for explaining user satisfaction with personalized services. Personalized services can reduce information overload and, hence, increase user satisfaction, but their effects may be moderated by the motivation for information access. The effect is stronger for users whose motivation is in searching for a specific target. This implies that content recommendation would be more useful for knowledge management systems, where users are often looking for specific knowledge, rather than for general purpose Web sites, whose customers often come for scanning. Explicit user involvement in the personalization process may affect a user's perception of customization, but has no significant effect on overall satisfaction. KEY WORDS AND PHRASES: content recommendation, personalization, recommendation systems, user satisfaction.
THE RAPID PROPAGATION OF THE INTERNET, along with the evolution of information technologies (IT), has changed the way firms are adapting to changing customer needs. For physical products (e.g., computers and televisions), mass customization and fast response to dynamic market needs have become critical to remaining competitive. For digital products (e.g., news services and other Internet content providers [ICPs] ), personalized services that provide tailored content to different clients, based on their interests, become feasible and necessary. The large amount of transactional data, collected from the use of Internet-enabled information systems, allows a company to understand customer needs and integrate the discovered knowledge into its product design and marketing plans. Existing literature has proved that customized sellers can charge more for customized products (e.g., [13] ).
The Internet is an excellent platform for content providers to tailor their products based on customer preference. This is particularly true for online news services and knowledge management. For Internet news Web sites, most readers are only interested in certain types of news among the large number of reports. Some may be interested in political news, while others are interested in stock market movements. Therefore, providing news reports that meet a reader's interests can save time and effort. As a result, personalized services have been adopted by many news Web sites, including crayon.net and Google News. Similarly, it would be useful if a personalized recommendation system could find relevant documents in the knowledge repository for users when they use a knowledge management system to solve a specific problem.
Although it is intuitive that personalization could add value to content providers, existing literature has not provided adequate theoretical and empirical evidence to tell whether the user really likes personalized services. Therefore, it would be useful to gain insight into issues related to the use of these services, such as the effect of personalized services on user satisfaction and factors that affect the satisfaction with these services.
In this paper, we review theories relevant to personalized services, build a research model, and evaluate the role of different theories empirically. The first theory is effort-based, which focuses on the principles of least effort and information overload. The second theory is motivation-based, which argues that the effect of personalization on user satisfaction is affected by individual motivation. The third theory is process-oriented, which argues that user satisfaction is affected by the design of a personalization process and, more specifically, the effect of user involvement in the process. These theories are synthesized to build a research model and are evaluated in two experiments. The results indicate that the design of a personalized service should focus on reducing information overload, although all theories can explain the effect of personalized news services on user satisfaction.
Personalization and Recommendation Systems
A PANEL ON PERSONALIZATION AND DATA MINING defined personalization as "a process of collecting and using personal information to uniquely tailor products, content and services to an individual" [47, p. 116] . The Personalization Consortium offered the following definition in 2003: "personalization is the use of technology and customer information to tailor electronic commerce interactions between a business and each individual customer. Using information either previously obtained or provided in real time about the customer, the exchange between the parties is altered to fit that customer's stated needs, as well as needs perceived by the business based on the available customer information" (excerpt from [1, p. 83] ).
Due to the complexity of profiling customers, and the increased popularity of the Internet, proper use of IT is critical for personalization. An information system that provides content or product information to meet the needs of a particular customer is called a recommendation system or recommender system. Research and practical applications of the recommendation system have been widely reported (e.g., [3, 6, 29, 43] ).
The kernel of a recommendation system is the mechanism that identifies user preferences and assesses the relative importance of a candidate item for recommendation, based on the likelihood that it will match the user's preference. Because the process needs to select a limited number of candidate items from a large information repository, the technique is called information retrieval or information filtering.
Recommendation mechanisms may be classified by the features used to determine user preferences, and the methods used for data collection. Features used for analyzing user preferences may include attributes of the product (attribute-based filtering) or the behavior of the user (collaborative filtering). In attribute-based filtering, if the attribute is selected from the content (e.g., key words), it is called content-based filtering. If the attribute is related to the demographic information of the user, it is called demographic-based filtering.
Two methods also exist for collecting user preference data-implicit and explicit [33, 51] . The explicit method asks the user to express preferences or choices explicitly and uses this feedback to build a user profile and make recommendations accordingly. It has been adopted by many online news or other content providers. For example, the reader is asked to indicate the interest level from one to ten, after viewing a report. That information is then used to build a user profile for future recommendations [32] . Although this approach can capture user preferences immediately, the user may refuse to provide the input due to privacy or other concerns. The implicit method, in contrast, lets the system monitor the user's browsing behavior (capturing keystrokes and hyperlinks) and infers user preferences from the collected browsing data. Previous literature has found that the implicit method performs as well as the explicit method in capturing user preferences [26, 51] .
Although many previous studies have reported applications of recommendation systems, few of them have investigated whether personalized services can really improve user satisfaction, or why user satisfaction is increased. In order to take full advantage of personalization technology, we need to have a better understanding of how users respond to this service and its theoretical foundation.
Theories Related to Personalized Content Services
A FEW THEORIES ARE AVAILABLE FOR UNDERSTANDING the need for information personalization and its effect on user satisfaction. For instance, Case [10] outlined five major psychological and social theories related to information seeking-principle of least effort, uses and gratifications, sense making, media use as social action, and play theory. Another theory that supports information customization is information overload [18] . These theories fall into two general categories-effort for usage (e.g., least effort and information overload) and user motivation for accessing the information (uses and gratifications, sense making, social action, and play theory). In addition, previous research in information systems has found user involvement to be a key factor that affects the attitude toward system use. Hence, it is natural to believe that user involvement in the process of creating personalized content affects user satisfaction.
Effort-Based Theories Principle of Least Effort
Zipf's principle of least effort states that each individual will adopt a course of action that will involve the least average work from the person. His theory is supported by evidence from various studies of language usage [53] . The principle of least effort predicts that information seekers will minimize the effort required to obtain information, even if it means accepting a lower quality or quantity of information. Allen [2] investigated 19 research and development engineers and found that they operated on a least effort basis when selecting information channels. Rosenberg [37] found pat-terns similar to those observed by Allen [2] in industrial personnel. From the theory, it is evident that accurate content recommendation, which reduces the effort needed by a user to search for relevant information, can increase user satisfaction.
Information Overload
An alternative to the least effort theory is information overload, which means users are given more information than they can handle within a given time frame. That is, the user would prefer to remove some information in order to reduce the necessary effort for finding the target. Information overload affects decision making in two ways. Due to sheer volume, users are unable to locate what they need most, often making them overlook what they consider critical [20] . Users also fail to use the relevant information at hand, or known to be available, leading to the inefficient use of decision-making time [15, 49] .
Many factors may cause information overload. Ho and Tang [21] argued that three factors cause information overload-information quantity, information quality, and information format. Grise and Gallupe [18] used the number of ideas, topic domain, idea diversity, and time to measure information overload. They found that individuals in high-load conditions were less satisfied when using electronic meeting systems.
IT is useful in alleviating information overload. For example, Berghel [7] outlined five ways to deal with information overload-search engines, information agency, information customization, brand identification, and information push. Ho and Tang [21] proposed the use of infomediary models to reduce information overload. Chung et al. [11] found that the use of knowledge maps could reduce information overload on Web browsing. From the above literature, we can conclude that personalized services can increase user satisfaction by reducing information overload, if such services can provide accurate recommendation, thus leading to the following proposition:
Proposition 1: User satisfaction increases when the information load is reduced by accurate personalized content recommendation.
Motivation-Based Theories
Another set of theories interprets user behavior in using information media by analyzing users' intrinsic motivations. These include uses and gratifications, media use as social action, sense making, and play theory.
Uses and Gratifications
First noted by Elihu Katz in 1959, the uses and gratifications theory states that media audiences access information with a certain purpose and play an active role in selecting the source and the information they would like to access [8, 23] . This theory has been found useful in explaining the behavior of people using many new communication technologies. Sample studies include videocassette recorders by Levy [27] , videotex by Atwater et al. [4] , cable television by Heeter and Greenberg [19] , political computer bulletin boards by Garramone et al. [17] , video recorders by Rubin and Bantz [39] , remote control devices by Perse and Ferguson [35] , and political news on the Web by Kaye and Johnson [24] . While the uses and gratifications approach has traditionally been applied to the mass media, this theory is also useful in analyzing the goal-directed behavior of Web users [28] .
Media Use as Social Action
Media use as social action (MUSA), proposed by Renckstorf and McQuail [36] (also known as Renckstorf's social action model [31] ), is an extension of the uses and gratifications theory. It differentiates the purpose of media use into three categories: social uses of media (context-directed, such as facilitating communication and relaxation), instrumental uses (goal-directed rational behavior, such as deciding on which house to buy), and the intrinsic use of media for entertainment (emotion directed, such as becoming a fan of a football team). Bosman and Renckstorf [9] argued that the information-seeking behavior was linked to one's motivations for media use. In other words, users with different motivations may have different patterns of information seeking. In information systems literature, the use of executive information systems was found to have different organizational effects in two different usage modes-scanning and target search [48] . Therefore, we may anticipate that personalized services may have different effects for scanning and target search.
Sense Making
The main argument of sense making is that "information is not something that exists apart from human behavior and activity" [12, p. 63] . Rather, information is "created at a specific moment in time-space by one or more humans" [12, p. 63] . Sense making sees "information as something that is constructed internally in order to address discontinuities in life" [12, p. 63] . In other words, users have certain purposes in mind when they seek information. The theory suggests that, unless the content provided makes reasonable sense (or meets their expectation), the audience will not use it. It is more related to the instrumental use of media.
Play and Entertainment Theories
Play theory argues that entertainment value is the most important need for media use.
Stephenson [45] developed research on the premise that humans manipulate their intake of entertainment and information to serve their emotional needs. At the heart of the theory is that humans not only tend to seek pleasure and avoid pain but they also mix work with play. It is difficult to say where "information" stops and where "entertainment" begins [10, 52] . Toms [46] found support for a curiosity-or playdriven interpretation of reading electronic news. This theory supports the intrinsic (emotional) use of media.
If we consider the Internet to be a medium, then the above literature leads to the following proposition:
Proposition 2: User satisfaction with personalized content services differs for users with different motivations.
Process-Oriented Theory: User Participation and Involvement
Another dimension related to personalization is the degree of user involvement in the process of constructing their interest profiles. Based on the user involvement theory, the user's participation in the process may increase user satisfaction.
Beginning in the early 1960s, the practitioner and researcher have argued that user participation is critical in the development and implementation of information systems [22] . A design approach that reflects the emphasis on user involvement (called participative design) was popular at that time. Barki and Hartwick [5] later differentiated user participation as a series of activities or behaviors performed by the potential users, and user involvement as a subjective psychological state, reflecting the importance and personal relevance that a user attaches to a given system. Because a personalized content recommendation system is also an information system, we posit that a recommendation mechanism that requires explicit user feedback in the process is likely to have a higher user satisfaction than those that do not require explicit feedbacks, which leads to the following proposition:
Proposition 3: User satisfaction will be higher for recommendation systems that use explicit user feedback for personalization than for systems that do not require explicit user feedback.
A framework that combines the three theories is illustrated in Figure 1 . Because content recommendation has to obtain user browsing information first, it is difficult to examine the user involvement effect together with the other two effects. Therefore, the empirical testing of the model was done in two experiments. The first one compared the effect of different recommendation methods and the second one tested the effects of information overload and user motivation.
The First Experiment
Task Domain THE PARTICULAR DOMAIN USED FOR THE EXPERIMENT was Internet news, which has become a popular application in content provision. The traditional way of having an editor in chief to judge which items are of high enough interest and importance for placement in the headlines, with others put under different categories, is changing in online news. The Los Angeles Times, London Times, CRAYON, and Tango have adopted collaborative recommendation systems to provide customized online news. Many such trials have been reported in the past decade. For example, Mock and Vemuri [32] use the Intelligent News Filtering Organization System (INFOS) to seek user input and reorganize the order in which news is presented, thus reducing readers' search load. Konstan et al. [25] proposed GroupLens, which summarized feedback from previous users to help a current user decide to review or not review a report. Sakagami and Kamba [40] developed ANATAGONOMY, which used an implicit approach to infer users' preferences from their previous browsing behaviors (e.g., scrolling and enlarging windows) to produce personalized Web news. Many Web sites offer personalized news services, such as crayon.net and Google's new Google News site. Therefore, online news service is an appropriate domain for studying content recommendation.
The first experiment was designed to answer two questions:
1. Do personalized recommendation methods capture the reading interest of the users to make accurate recommendation and increase user satisfaction? and 2. Do users prefer having direct input in the process of generating personalized content?
Experimental Systems
Two personalization methods (explicit and implicit) were adopted to examine whether user feedback plays a role in user satisfaction. They were then compared with the traditional headline news approach (HLA) to examine the effect of reducing information overload. The explicit approach analyzes user interests based on key words and the interest ratings reported by the user after reading a particular article (called the self-reporting approach [SRI] ). The implicit time-based approach (TBA) analyzes user interests, based on user reading interests as measured by the key words of the article and the length of time a user spent reading the article (details of the recommendation mechanisms can be found in Lai et al. [26] ). TBA does not require the users to feedback their interest ratings after viewing a report. Three news Web sites were designed for this experiment. The HLA system copied the regular headline news from www.chinatimes.com.tw (a popular news Web site in Taiwan, with millions of viewers every day). The home page showed the titles of the headline news chosen by the editor and 13 news categories (such as sports, stocks, etc.). The screen layout of the SRI and TBA systems was the same as the HLA system, except that the headline news was replaced by the news reports selected by the recommendation algorithms for each individual reader. When a user logged into the SRI or TBA system, the computer assessed the user's viewing interests based on historical data and then composed a personalized headline news area that replaced the headline news compiled by the editor. Reports not selected for recommendation by the algorithm remained in their respective categories.
Research Hypotheses
Based on the framework in Figure 1 , recommendation accuracy and user satisfaction were the two main dependent variables. Recommendation accuracy measures the ability of the personalized method to capture audience interest, and user satisfaction measures the audience acceptance of the recommendation. The independent variables were different personalization methods. Two hypotheses are posited as follows: 
Experimental Design and Procedures
Ninety-six volunteers were recruited and divided into two groups: one viewed HLA and SRI (Group I), and the other viewed HLA and TBA (Group II). Subjects were asked to participate in the experiment for four days. Nine subjects dropped out during the process, which left 87 effective subjects, with 43 in Group I and 44 in Group II.
Subjects in both groups were asked to view HLA for the first two days and fill out a satisfaction questionnaire after the second day. On the third and fourth days, users in Group I viewed SRI and those in Group II viewed TBA. After finishing on the fourth day, they all filled out questionnaires again to indicate their satisfaction with the experimental system. Subjects in Group I had to indicate their interests in the report on a seven-point scale (the higher the better) after each viewing, while the subjects in Group II did not have to do so. The average number of news items was 255 per day, distributed into 13 categories, with an average of 44 items included in the headline news chosen by the editors in the HLA approach.
Instruments and Measurement
In the experimental process, both objective and subjective data were collected for analysis. Objective data were recommendation accuracy and user background; subjective data were user satisfaction with the experimental Web sites.
Recommendation Accuracy
Two indices common for measuring the accuracy of a recommendation method were used-precision and recall [41, 42] . Precision measures the portion of recommended news that is relevant (i.e., number of recommended and read/number of recommended), and recall measures the portion of relevant news that is recommended (number of recommended and read/total number read).
User Satisfaction
The instrument for measuring user satisfaction included four dimensions-information content, personalized services, user interface, and system value. Satisfaction with information content was measured using three questions adapted from Doll and Torkzadeh [14] :
1. whether the system finds the news that the user wants to view, 2. whether the system filters out the news that the user does not want, and 3. whether the system captures the right category (the one that is of interest to the user).
User satisfaction with personalized services was measured using three questions adapted from the customized service portion of SERVQUAL [34] :
1. whether the system pays attention to the user needs, 2. whether the system captures the user's interests, and 3. whether the system provides adaptive services.
User satisfaction with the user interface was measured by four questions adapted from Doll and Torkzadeh [14]:
1. whether the system is easy to use, 2. whether the system is friendly, 3. whether the interface is properly formatted, and 4. whether the presentation is clear.
Questions about the value of the system included:
1. whether the system is useful, and 2. whether the system finds interesting news efficiently. Table 1 summarizes the measurement dimensions and items.
A question designed to assess the overall satisfaction of the user was also included. All answers were on a seven-point Likert scale, with 1 being least agreed and 7 being most agreed.
The reliability data (Cronbach's alpha) show that the instruments are acceptable because their alpha values are higher than 0.6. Results from the factor analysis show that the construction validity holds (see Appendix Tables A1 and A2 ).
User Background Factors as Control Variables
Questions were also designed to collect user background information. Ten questions (including which news categories they like, experience in using the Internet, and frequency of accessing online news) were asked to see whether user satisfaction differed in different user groups. The results indicate that these background factors had no significant effect on user satisfaction.
Experimental Results
The system recorded the number of news reports shown to a subject (NNS), the number of news reports viewed by the subject (NRR), and the number of news reports recommended and accepted by the subjects (NRA). Precision is calculated as NRA/NNS and recall is calculated as NRA/NRR. The results are shown in Appendix Table A3 .
As the data indicate, the traditional headline (HLA) system presented 41 news items to all subjects on the home page, whereas the explicit SRI and implicit TBA systems recommended an average of 17.77 and 17.61 news items to each subject, respectively. The personalized systems were more selective than the headline news approach, but had a higher number of items read by the subject (NRA). The explicit SRI approach had the highest precision and user satisfaction, whereas the implicit TBA approach gave the highest recall.
Effect of Personalization
The effect of personalization was examined by comparing the performance differences between systems with personalized services (SRI and TBA) and the traditional system (HLA). Because all subjects used the HLA system and either SRI or TBA, the paired t-test was used to compare the effects of SRI and TBA with the benchmark HLA. The results indicate that the accuracy in identifying user interests, as measured by precision and recall, was significantly higher for SRI and TBA than for HLA, but the difference between SRI and TBA was not statistically significant. Therefore, we can conclude that both recommendation methods outperform the traditional headline Tables 2 and 3 indicate that user satisfaction is also significantly higher for SRI and TBA than for HLA. Therefore, H1 is supported: personalization can lead to higher user satisfaction.
Effect of User Involvement
The second hypothesis deals with the difference between SRI, which requires user feedback for building user profile and TBA, which automatically constructs user profiles from their browsing behavior. Comparing the user satisfaction data of SRI and TBA in Tables 2 and 3 , we find that most differences are not statistically significant, except the user's feeling of system customization (t = 2.004, p < 0.05). This may be because SRI explicitly required the user to provide feedback after reading news and, hence, enabled the subject to feel that the outcome was more customized. Therefore, H2 is not fully supported and we conclude that both recommendation methods perform equally well. That is, user involvement in the recommendation generation process is not critical to overall user satisfaction with the system.
Major Findings and Limitations
The findings from the first experiment indicate that personalized systems can indeed capture user preference and increase user satisfaction through recommending relevant news to the reader accurately. User motivation has some effects on user satisfaction, but feedback from the user may not be essential for building a user profile, because user interest ratings improve neither recommendation accuracy nor overall user satisfaction. Although the findings support the two hypotheses, the experiment has certain limitations.
First, the subject consistently viewed the personalized system after viewing the HLA system. This was due to the nature of the process, that is, the implicit recommendation method needs prior browsing of data, which makes it difficult to swap the sequence, so the order effect between personalized system and the benchmark HLA may exist in the experimental process. Second, subjects were given more news items (41) to read in the HLA system than in the other two recommendation systems (fewer than 20). This may have caused unexpected bias due to unequal information load when using different systems. Because SRI and TBA had the same performance in both recommendation accuracy and user satisfaction in the first experiment, we removed TBA and conducted a second experiment to test the effect of information overload and user motivations (i.e., P1 and P2 in Figure 1 ).
The Second Experiment
Research Framework and Hypotheses INFORMATION OVERLOAD MAY BE CAUSED BY the number and precision (which shows the hit rate of recommended items matching user interests) of items recommended to a reader [18, 21] . We used a 2×2 factorial design: headline news versus personalized news and 40 versus 20 recommended items. In order to control the learning effect, the sequence of accessing personalized services and the number of news items were randomized. The revised research framework is illustrated in Figure 2 . Three hypotheses are posited:
Hypothesis 3 (Effect of Information Amount): User satisfaction is higher for systems that recommend fewer items to the user. Hypothesis 4 (Effect of Recommendation Accuracy): User satisfaction is higher when the accuracy of hitting user interests increases. Hypothesis 5 (Effect of Individual Motivations): (a) The effect of personalized services on user satisfaction is affected by different motivations for information access. (b) The accuracy of capturing user interests by a personalized system is affected by different user motivations for information access.

Experimental Design and Procedures
A total of 88 volunteers were recruited to participate in the experiment. Each subject was randomly allocated to one of the four settings in Appendix Table B1 . We used the same news Web site (www.chinatimes.com) as in the first experiment. Because SRI and TBA showed equivalent performance in the first experiment, only SRI was used as the experimental system for making personalized news recommendations. Each subject viewed the news in one day and provided his or her interest ratings for building interest profiles. The system then recommended relevant news to the user in the following four days. The experimental procedures were similar to the first one, including:
1. Filling out questionnaires about the background and motivations for reading online news, and then choosing news categories of interest to them (e.g., political or entertainment). 2. Performing experiment tasks. For example, the subject assigned to Setting 1 (40 RE) would see 40 news items generated by the recommendation system (RE) from the news on Day 1, choose those of interest to him or her, and fill out the evaluation form. After completing that task, the user moved to the next one, which in this case would be viewing 40 items chosen from the headline news (40 HL). 3. Continuing until completing all eight assignments in the setting.
Instrument and Measurements
The questionnaires include three major modules-background, motivations, and user satisfaction. User background information includes his or her demographic information and Internet experience. A questionnaire was designed to include 17 items for measuring user motivations: (1) search news easily, (2) like to use computers, (3) like to use Internet, (4) obtain new information, (5) learn new knowledge, (6) need for work or study, (7) fun to read news, (8) read news as a hobby, (9) let me feel relaxed, (10) gain topics for chatting, (11) social interaction with friends, (12) join news group for discussion, (13) avoid lonely feeling, (14) release pressure from work or study, (15) surf Internet without purpose, (16) pass time, (17) have nothing else to do. We used precision for recommendation accuracy, which had the same effect as recall in our previous 
Experimental Results
Among the 88 volunteers, five of them did not complete the whole experiment, which results in a valid sample size of 83. The subjects were 73 percent male, 65 percent between ages 21 and 30, 56 percent with a bachelor's degree, 37.4 percent with at least four years of work experience, 38 percent reading online news daily, and 91 percent with at least four years of Internet experience.
These demographic variables had no significant effect on either recommendation accuracy or user satisfaction. That is, the subject background was reasonably controlled. Appendix Table B2 shows the descriptive statistics at different experimental settings.
A factor analysis on the 17 motivation questions results in five factors, which are named as escape and passing time (Q13-17, eigenvalue = 3.427), social interaction (Q10-12, eigenvalue = 2.253), using IT (Q1-3, eigenvalue = 2.246), gaining information (Q5-6, eigenvalue = 1.883), and entertainment (Q7-8, eigenvalue = 1.749). The resulting user satisfaction levels, under different contingencies, are shown in Appendix Table B3 .
The result on user motivation is consistent with prior literature, such as Rubin [38] , who found five common motivations in studying the uses of television-information, entertainment, escape, habitual passing of time, and companionship. Kaye and Johnson [24] found four primary motivations for connecting to online political news-guidance, information seeking/surveillance, entertainment, and social utility. Ferguson and Perse [16] identified five motivations in using the World Wide Web-entertainment, passing time, relaxation/escape, social interaction, and information.
From the means in Table B3 , we can find that the recommendation system generated significantly higher precision (0.51 versus 0.38 for HLA; F = 60.1, p < 0.001) and higher user satisfaction levels (4.758 versus 4.056; F = 27.38, p < 0.001). In other words, the personalized system adopted in the experiment was significantly better than the headline news approach in capturing user interests and increasing user satisfaction. Table 4 shows the results from multivariate analysis of variance (MANOVA). The main effects of the personalized service (RE), and the interaction effect between the personalized service and the number of items (NO) presented to the subject, are statistically significant. User motivations and the main effect of usage sequence (i.e., whether the subject took HLA-SRI or SRI-HLA) are only marginally significant (p < 0.10). These results indicate that personalized systems made a very significant contribution toward user satisfaction. Hence, H4 is supported: personalized systems, which make more accurate content recommendations, result in higher user satisfaction. 
Effect of Recommendation Accuracy
Effect of Information Amount
From the data in Table B3 , we find that the effect of personalized services increased rapidly when the number of news items presented to the user was reduced from 40 to 20. Hence, H3 is supported: increasing the number of items presented to the user will reduce user satisfaction, due to a higher information load.
Regarding the order effect, the sequence of reading headline news before personalized news (HL-RE, mean = 4.483) has a slightly higher user satisfaction than that of reading personalized news before headline news (RE-HL, mean = 4.331). The difference is small and marginally significant (p = 0.065 in Table 4 ). This implies that the gain in user satisfaction from adding personalized services to a nonpersonalized content provider is stronger than offering personalized services itself.
Effect of User Motivation
The main effect of user motivation in Table 4 is marginally significant, which supports H5a. We further ran the data with the partial least squares (PLS) program on number of items shown, accuracy, user motivations, and satisfaction to see the relative influences of different factors. The result, as shown in Figure 3 , indicates the following:
1. Recommending more items to the reader has a negative effect on user satisfaction (beta = -0.280), whereas making more accurate recommendations has a positive effect on user satisfaction (beta = 0.598). The motivation of loving IT shows a significant positive effect on user satisfaction, but its coefficient is small (0.088). H5a is partially supported: user satisfaction is affected by certain motivations for information seeking. 2. The recommendation accuracy is also affected by two particular user motivations-social interaction and gaining information. Social interaction has a positive effect, while gaining information has a negative effect. In other words, we see some support for the uses and gratifications theory in personalized content service. Hence, H5b is partially supported: the accuracy of personalized services differs when users have different motivations.
Effect of Two Usage Modes
Because previous literature in information systems argues that two usage modes (scanning and target search) have different effects on executive performance [48] and Figure 3 indicates that social interaction (which tends to cover a broader set of interests) and gaining information (which tends to be more focused) have different effects on recommendation accuracy, we intend to investigate further whether these two modes have effects in online news. The user motivation measures were reclassified into two categories. The results from a factor analysis, as shown in Table B4 , indicate that F1 includes reasons that do not have a particular focus (can be named scanning) while F2 includes those that have a specific purpose (can be named target search). Those items not on the table are removed.
With these two usage modes, we used moderated regression analysis (MRA) to analyze the moderating effects [30, 44] . In applying MRA for a single predictor variable (i.e., precision as measured by the hit rate, HR), it is necessary to examine three regression equations for equality of the regression coefficients [50] . The criterion variable is user satisfaction (SAT). The moderator variable is represented by MOT. The equations to be examined are:
For MOT to be a "pure moderator" variable, Equations (1) and (2) should not be different, but should be different from Equation (3) . The results from a moderated regression analysis (shown in Table B5 ) indicate that the moderating effects of two different motivations exist at the significance level of 0.072, lower than the regular 0.05 level, but acceptable at the marginal 0.10 level. The regression lines of two different motivations are shown in Figure 4 . That is, user satisfaction with a personalized system is more sensitive to the recommendation accuracy when the user has a certain target in mind (target search).
Discussion and Conclusions
Summary of Findings PERSONALIZED SERVICES HAVE BECOME increasingly popular for ICPs. Well-known players, such as Google, have also begun to offer this function on their news Web sites. In this paper, we have reviewed several theories relating to personalized information services and conducted two experiments to evaluate these theories. Major findings include the following: 1. Personalized services can indeed increase user satisfaction through accurate recommendation of relevant contents. 2. Information overload: A major theory that can interpret the value of personalized content services is information overload. We have found that both the number of items recommended to the user and the recommendation accuracy, as measured by the number of recommended items accepted by the user, had significant effects on the satisfaction of the user. 3. The uses and gratification theory: User satisfaction with personalized services differs significantly for users with different motivations. The satisfaction is higher when the motivation is social interaction, and is lower when the motivation is escape or entertainment. 4. The effect of recommendation accuracy on user satisfaction is moderated by different information usage modes. The effect is more sensitive to recommendation accuracy for users who have a specific information target in mind (target search) than for users who have no specific purpose when viewing online news (scanning). 5. The role of user feedback in personalized services is not significant, though the user involvement theory suggests that having user involvement can increase user satisfaction. This may be due to the fact that providing feedback requires more effort and hence offsets the effect of user involvement.
Implications and Limitations
The above findings provide interesting implications for adopting personalized services in the future. From the theoretical point of view, we have integrated different theories relevant to providing personalized content services and empirically investigated their relative explaining capabilities in online news services. Our results indicate that reducing information overload is the most important concern for users in seeking information and that personalized recommendation can perform well when users use the media to seek specific information. The uses and gratifications theory, popular in the mass communication domain, is applicable to Internet-based information-seeking behavior. User feedback in the personalization process contributes insignificantly in both recommendation accuracy and user satisfaction. Therefore, algorithms that do not need user feedback may be more useful in implementing personalized content recommendation systems. For practitioners, the following recommendations are useful. First, for a content provider (including knowledge management systems), the ability of the recommendation system to identify user interests correctly and make proper recommendations is critical to the success of the system. Second, personalized recommendations may not be suitable for all content providers. For Web sites whose users primarily intend to find specific information, personalized services will be more useful than the Web sites whose users come for escape or entertainment.
Due to resources and other constraints, the research is not without limitations. First, the experiments were conducted in laboratory environments, which are substantially different from the real-world information-seeking context. Therefore, more work needs to be done in order to know whether the results hold true in the real world. Second, online news is a popular domain, but the daily update nature of news reports is very unique. We are not sure whether findings in online news will hold in other domains. Finally, the recommendation method adopted in the research was content-based filtering. We are not sure whether collaborative filtering would result in the same findings. The comparison between content-based filtering and collaborative filtering in different domains may also be worth investigation in the future. 
